Cancer results from the acquisition of somatic alterations in a microevolutionary process that typically occurs over many years, much of which is occult. Understanding the evolutionary dynamics that are operative at different stages of progression in individual tumors might inform the earlier detection, diagnosis, and treatment of cancer. Although these processes cannot be directly observed, the resultant spatiotemporal patterns of genetic variation amongst tumor cells encode their evolutionary histories. Such intra-tumor heterogeneity is pervasive not only at the genomic level, but also at the transcriptomic, phenotypic, and cellular levels. Given the implications for precision medicine, the accurate quantification of heterogeneity within and between tumors has become a major focus of current research. In this review, we provide a population genetics perspective on the determinants of intra-tumor heterogeneity and approaches to quantify genetic diversity. We summarize evidence for different modes of evolution based on recent cancer genome sequencing studies and discuss emerging evolutionary strategies to therapeutically exploit tumor heterogeneity.
Introduction
Cancer results from the acquisition of alterations during somatic cell division in a microevolutionary process that typically occurs over decades, much of which is occult and with extended clinically latent intervals. For example, more than half of all detectable somatic mutations in colorectal cancers occur prior to transformation [1, 2] . A set of initiating (epi)genetic events (so called drivers) provide a selective fitness advantage (resulting in higher proliferation or lower apoptosis for example) in the target cell relative to other pre-malignant cells, resulting in clonal expansion. These initiating events in the founding tumor cell are often specific to certain tissue types or cells of origin as is the case for APC in colon and other gastrointestinal tumors [3] [4] [5] or DNMT3 in leukemias [6] . Hence, the fitness benefit that the mutation confers may depend on the microenvironment or cellular context in which it occurs. However, a single mutation is seldom sufficient to evoke a fully malignant phenotype and the pre-malignant clones likely maintain functionality until additional 'hits' accrue, eventually leading to transformation and uncontrolled cell growth (Fig. 1) .
Given that tumor cells continuously accrue mutations and are subject to ever changing microenvironments, genetic and phenotypic heterogeneity is expected. Indeed, according to the clonal evolution theory, heterogeneity is attributed to continued genetic and heritable epigenetic alterations and selection in diverse microenvironments within tumors [7] [8] [9] . Hence mutation rates, genetic drift, population structure, microenvironment and selection impact the extent of tumor heterogeneity. As tumors progress, expanding into an environment that is resource limited, cells that are better able to replicate, utilize energy, and migrate will have a competitive advantage and these 'hallmarks' are noted in most advanced cancers [10] . At this stage, the initiating genetic lesions may no longer ensure cell survival. As such, it is essential to develop an understanding of the phenotypic consequences of putative oncogenes and tumor suppressors in a context-dependent fashion.
Although intra-tumor heterogeneity (ITH) has been appreciated for decades [11] , the advent of high-throughput technologies has enabled the characterization of (epi)genomic, transcriptomic, phenotypic, and cellular heterogeneity at enhanced resolution [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] . The presence of pervasive ITH poses significant challenges for precision medicine. For example, sampling bias due to solid tumor spatial structure within lesions can obscure the interpretation of genomic profiles for patient stratification and therapeutic decision-making. Elevated ITH may also be associated with disease progression [26] and poor prognosis [27, 28] . Given the numerous clinical implications, the accurate quantification of heterogeneity within and between tumors from the same patient is a major focus of current research. However, to date, these analyses have largely been descriptive in nature.
While human tumor evolution cannot be directly observed, spatiotemporal patterns of genetic variation amongst tumor cells are stably inherited during cell division, and hence surreptitiously encode their ancestries. As such, the resultant patterns of ITH can be 'read' via multi-region sequencing (MRS) of spatially and/or temporally separated tumor regions or single-cell sequencing (SCS) and used to reconstruct the evolutionary relationships amongst the distinct cell populations (clones) that comprise a tumor, as has now been performed in a variety of tumor types [13, [16] [17] [18] [19] 21, 22, 25, [29] [30] [31] [32] [33] [34] . Intriguingly, these and other cancer sequencing studies suggest that distinct modes Fig. 1 . Schematic illustration of different phases and modes of tumor evolution. Somatic alterations (including SSNVs and CNAs) arise during cell division in normal/pre-neoplastic cells, where mutations that confer a selective growth advantage relative to the rest of the population (drivers) result in clonal expansions. Multiple such events promote transformation in a process that can occur over long time periods (indicated by hatch marks). The mutations (both drivers and passengers) that accumulate in the founding tumor cell lineage during initiation will be present in all cells in the tumor (public/clonal). After transformation, the tumor may grow in the absence of stringent selection, compatible with a Big Bang model [Ref 21 ] and effectively neutral evolution (A) or be subject to continuous selection resulting in clonal expansions (B and C). In the Big Bang model, the tumor grows as a single 'terminal' expansion populated by numerous heterogeneous subclones that are not subject to strong selection (A). As such, the timing of a mutation is the primary determinant of its frequency in the final tumor and most detectable subclonal alterations (resulting in ITH) arise early during growth, whereas late-arising mutations will be largely undetectable. In contrast, under selection, the so called 'sequential' or 'linear' evolution model describes clonal successions or sweeps that occur sequentially (B) while 'branched' evolution corresponds to a scenario where multiple subclonal alterations co-occur and compete during tumor growth (C). of evolution are operative during tumor progression and in different tumor types. However, this has yet to be systematically evaluated. More generally, while the elements of somatic evolution have been defined [7, 8, 35] and include mutation, genetic drift, migration, population structure, and selection, the evolutionary dynamics that are operative at different stages of progression in individual tumors are poorly characterized. A quantitative understanding of tumor dynamics has the potential to define cancers' evolutionary playbook and might hold clues to as to how to better prevent, detect, and treat cancers. For example, the earlier the initial clonal expansion is detected, the less diverse and likely less fit the cell population, and the better the prognosis. Hence, knowledge of the initiating events and their relative temporal ordering may inform strategies for earlier intervention. Likewise, computational and mathematical modeling can provide insights into mechanisms of progression and enable the inference of patient-specific tumor dynamics. Such information may ultimately inform the design of rational treatment strategies.
In this review, we provide a population genetic perspective on the origins of tumor heterogeneity and summarize approaches to quantify genetic diversity, drawing from established theory for studying genetic variation within and among natural populations in light of the forces of mutation, genetic drift, selection, and demography. We summarize evidence for different modes of clonal evolution based on recent cancer genome sequencing studies and the potential clinical relevance of the resultant heterogeneity. Finally, we discuss emerging evolutionary strategies to therapeutically exploit tumor heterogeneity and steer clonal dynamics.
Genetic and non-genetic tumor heterogeneity

Genomic heterogeneity within and between tumors
Conventionally, the distinct stages of tumor initiation and subsequent growth have been assumed to proceed in a 'linear' sequential fashion in which successively more fit 'driver' events arise within a clone, resulting in the replacement or clonal succession of less fit clones through selective sweeps [8, 36] . While the sequential model may accurately describe tumor initiation, it is not known whether this applies to most solid tumors. Sequencing of established primary tumors has revealed extensive ITH in diverse tumors as demonstrated via multi-region profiling of clear-cell renal cell carcinoma (ccRCC) [13, 18] , colorectal cancer (CRC) [21, 37] , glioblastoma (GBM) [16, 22] , non-small cell lung cancer (NSCLC) [30] , lung adenocarcinoma [29] , cervical [38] and ovarian cancer [17] , where somatic alterations are often restricted to distinct tumor regions. Several of these studies have reported evolutionary trajectories in which distinct driver alterations are ubiquitous (public/clonal) and therefore located on the trunk of the tree, whereas other drivers are heterogeneous (private/ subclonal) and restricted to certain branches of a phylogenetic tree.
As a result of these and other studies, ITH is now accepted as an inherent feature of malignancy. The observation that many tumors exhibit genetic variegation has therapeutic implications since actionable 'driver' mutations may be suboptimal targets if they are restricted to subclonal branches of the tumor's ancestral tree. Moreover, ITH itself may represent a potential prognostic biomarker [26, 39] . There are numerous excellent reviews on ITH [15, [40] [41] [42] , hence we do not attempt to comprehensively cover this vast literature here, but rather to introduce relevant concepts for quantifying, interpreting and exploiting ITH within an evolutionary framework. A crucial concept for understanding cancer genomic data is that clonal (public) mutations correspond to events that accumulated in the founding tumor cell lineage during initiation and prior to transformation such that they are present in all cells of the tumor (Fig. 1) . These include both pathogenic alterations that contribute to disease progression and benign passengers. Subclonal alterations occurring after transformation are by definition present in a subset of the tumor cell population and hence considered private. They may be restricted to certain tumor regions or more pervasive, but as these events initially occur in a single cell, they only become detectable after subsequent rounds of cell division or as a result of a clonal expansion.
As discussed in subsequent sections, multiple factors influence the ability to reliably detect subclonal variants, including the sensitivity and specificity of an assay, tumor purity (or the proportion of tumor cells), sequencing coverage, as well as the nature of the sample and the mode of tumor evolution. To date, most large-scale cancer genome sequencing efforts have profiled a single bulk sample. This requires deconvolution to delineate the fraction of tumor cells harboring a given alteration, and poses limitations due to tissue architecture in solid tumors, which can result in the spatial segregation of subclones and therefore sampling bias. Sampling of multiple spatially separated bulk tumor regions or microdissected subregions such as individual glands can mitigate sampling bias and provide varying degrees of spatial resolution. However, these approaches still require deconvolution. In contrast, single cell sequencing enables direct measurement of clonal genotypes, but is not yet scalable to large numbers of cells and suffers from measurement errors. Each of these methods requires tissue dissociation so spatial information is lost if not recorded during sampling.
In situ analyses that retain tissue architecture have typically been limited to relatively low resolution techniques such as fluorescent in situ hybridization (FISH). However, these can be complemented by high-resolution spatial tumor sampling studies, where both approaches have revealed the intermingling of heterogeneous subclones. For example, analysis of EGFR copy number states in GBM via FISH exposed striking patterns of mosaicism [43] . Copy number heterogeneity was similarly reported for both EGFR and PDGFRA and found to be associated with differential growth factor responsiveness in GBM [44] . These findings were recapitulated by genome-wide copy number profiling of multiple tumor sectors from a cohort of 11 GBM patients [16] . Moreover, parallel transcriptional profiling revealed the presence of multiple molecular subgroups within a given patient, highlighting the challenges that ITH poses for precision medicine. In CRC, single gland neutral methylation tag profiling was consistent with the presence of numerous intermixed subclones [37] . More recently, multi-region, single gland and single cell analyses revealed extensive genetic variegation and subclone mixing at the copy number and mutational levels in both adenomas and carcinomas [21] , as discussed in greater detail in Section 4. Computational modeling of spatial tumor growth and statistical inference on the genomic data revealed that most detectable ITH occurs early during tumor growth, long before the lesion is clinically evident. These findings were subsequently corroborated by reports that subclonal alterations originate early in colorectal adenomas/carcinomas [45] [46] [47] [48] . Hence, ITH is already present in early lesions and continues to accrue during progression. Subclone mixing has been reported in other solid tumors, when detailed multi-region sampling was performed [49] , whereas such patterns would be obscured by bulk profiling. Single cell sequencing has similarly revealed extreme levels of genetic heterogeneity [32, [50] [51] [52] [53] . Intriguingly, early studies in GBM reported that genetically distinct cell subpopulations can cooperate to promote tumor growth, progression, and maintenance [54] . Several recent studies have similarly reported clonal cooperation in a breast cancer mouse model [55] and xenografts [56] . Collectively, these findings highlight the potential for a minor tumor cell population to promote ITH. They also suggest that interdependencies amongst subclones may represent potential therapeutic vulnerabilities.
Despite the extensive diversity, convergent evolution is apparent in some tumors, suggestive of constrained evolutionary trajectories. This is most notable in ccRCC, where on a background of clonal (truncal) inactivating mutations in the von Hippel Lindau (VHL) gene and loss of heterozygosity (LOH) of chromosome 3p, harboring the second copy of the VHL gene, spatially separated subclones were found to harbor distinct mutations in multiple members of the SWItch/Sucrose non Fermentable (SWI/SNF) chromatin remodeling complex, including PBRM1, SETD2, ARID1A and SMARCA4 or even distinct mutations in the same gene [13, 18] . Convergent evolution of EGFR mutations/amplifications was also observed in GBM via single nucleus sequencing [57] , and in chronic lymphocytic leukemia (CLL) [58] . These findings imply that alterations in these pathways are selectively advantageous and suggest genetic canalization towards a particular phenotype. Such patterns have only been noted in a minority of tumors examined to date, although the integration of multiple 'omic' features may unmask this. In the context of targeted therapies, which impose a highly specific selective pressure, convergent evolution of on-target point mutations in kinase domains and the activation of compensatory pathways have been observed [59, 60] .
Most genomic profiling studies to date have focused on primary tumors, whereas relatively fewer have examined genetic divergence between paired primaries and metastases or recurrences arising at local or distant sites after initial therapy. This is due, in part, to the challenge in obtaining biopsies from distant metastatic sites, which are sometimes inaccessible and the time lag between initial diagnosis and disease recurrence, wherein procedures may be performed at different centers. Given that therapy can alter a tumor's evolutionary trajectory, it is important that the genomic data are interpreted in this context. Several studies have comprehensively profiled paired primary and recurrent disease in glioma [19] , GBM [22, 61] , ovarian cancer [62] , AML [63] , ALL [64] , neuroblastoma [65] .
Genomic concordance between paired primaries and metastases has been investigated in diverse solid tumors at the level of somatic single nucleotide variants (SSNVs) [13, [66] [67] [68] [69] [70] [71] [72] [73] , structural variants (SVs) [74] , copy number aberrations (CNAs) [66, 67, 75, 76] [73] and loss of heterozygosity (LOH) [77, 78] with varying degrees of genomic divergence reported. The inferences that can be drawn from these efforts depend on the study design, platform(s) used, depth of sequencing (when relevant), and extent of clinical and treatment information. For example, studies that are targeted in nature preclude the unbiased discovery of global genomic similarities and differences. Sampling bias and tumor spatial structure, as well as intervening therapy can confound the interpretation of patterns of heterogeneity between lesions. Hence, all of these factors should be reported, even if they cannot practically be controlled for.
The genomic characterization of multiple metastases from the same patient has been limited to a handful of studies [18, 34, 79, 80] , which tend to suggest greater similarities amongst metastases than between the primary and metastasis. For example, in a large study of paired primaries and metastases (n = 86), Brastiantos et al. [34] reported that spatially and temporally separated brain metastases were often genetically homogenous, whereas 53% of cases harbored potentially clinically informative alterations in brain metastases that were not detected in the matched primary. The authors also reported that extra-cranial metastases were often distinct from the brain metastases.
Although multi-region sampling is essential for the accurate reconstruction of tumor evolutionary histories [21, 81] , few studies have performed MRS of both the primary and metastasis and this has generally been restricted to one or a few cases [47, 73, 82] . Hence, there remains a need to characterize larger patient cohorts at a genome-wide level in order to delineate concordance between primaries and metastases, as well as the timing of metastasis and patterns of seeding.
Sources of tumor heterogeneity
Cancer is a disease of the genome, resulting from both endogenous and environmental damage to DNA, which can be propagated during normal cell division. In this review, we focus on genetic heterogeneity in cancer and the evolutionary forces that shape these patterns. However, tumor heterogeneity manifests not only at the genomic level, but at the cellular, phenotypic and microenvironmental levels and they jointly influence one another.
Mutational heterogeneity
As much of tumor progression is occult, by the time the lesion is clinically evident (and composed of tens of millions to billions of cells), tens to hundreds of thousands of mutations can have accrued. Comprehensive cancer genome sequencing studies have revealed that the aberration landscape is vaster than previously thought with different genes mutated in individuals with the same histological tumor type [36, 83, 84] . As such while a handful of genes are recurrently mutated at high frequency in the population, the vast majority of alterations occur infrequently, resulting in the so-called 'long-tail' distribution of putative driver genes. Considerable (N1000-fold) variation in the frequency of non-synonymous mutations was observed across tumor types with pediatric cancers exhibiting the lowest mutational burden, and melanoma and lung cancer the highest. In some cases, the elevated mutation frequency could be explained by exposures to known carcinogens, namely UV radiation in the case of melanoma and tobacco smoke in lung cancer. Even amongst tumors of the same type, mutation frequencies varied multiple orders of magnitude (0.01-100/Mb), highlighting diversity in somatic mutation rates.
Genomic instability
It has been more than 40 years since Loeb et al. [85] proposed the mutator phenotype hypothesis, which posits that errors during DNA replication promote malignant progression [86] . Two years later, Nowell's perspective piece on the clonal evolution of cancer proposed that heterogeneity in cancer results from increased genetic instability during disease progression [7] . Cancer genome sequencing efforts have revealed genomic instability resulting from point mutations (SSNVs), CNAs, and SVs, each of which can contribute to elevated genetic diversity. For example, chromosomal instability (CIN) leading to CNAs and SVs [87, 88] results in cells in which the mechanisms that ensure the fidelity of chromosome segregation during cell division are compromised. As such, chromosomal aberrations can dramatically impact cellular fitness [89, 90] , which further propagates aneuploidy and facilitates rapid evolution [91] .
Another form of genome instability, known as microsatellite instability, results from DNA slippage events at simple tandem repeat elements present throughout the genome, and is common in tumors with defective DNA mismatch repair (MMR). Although microsatellite instability (MSI) has been appreciated for over two decades beginning with its discovery in familial CRC patients [92] , the advent of next-generation sequencing (NGS) has revealed fresh insights into its functional implications [93] . As the mechanisms and consequences of genome instability in relation to tumor heterogeneity have recently been reviewed [40, 94] , here we focus on core concepts and points relevant to an understanding of the population dynamics amongst tumor cells.
A particularly intriguing aspect of genomic instability is that it appears to be associated with cellular fitness tradeoffs [89, [95] [96] [97] . For example, aneuploidy has been shown to both initiate and inhibit tumor progression depending on the extent and context [98] . On the one hand, aneuploidy appears to be associated with tumor cell fitness advantages. For example, in CRCs whole genome doubling events are commonly thought to precede the acquisition of a CIN phenotype and to endow the tumor with tolerance to additional genome instability, thereby driving further evolution [97] . Indeed, genome doubling is associated with worse relapse free survival in colorectal [97] and ovarian [99] cancers. CIN has also been associated with poor prognosis [100] . On the other hand, overexpression of MAD2, a gene contributing to chromosome instability (CIN), usually leads to cell growth arrest or death, suggesting that it is disadvantageous to cells [90] . These apparent contradictions may be explained in part by the findings of Laughney et al. [89] who demonstrated that cancer cells have evolved to exist within a narrow range of chromosome missegregation rates that optimize phenotypic heterogeneity and clonal survival, suggesting that CIN is under selective constraints.
Mutational burden has also been hypothesized to achieve saturation, where additional mutations are lethal, resulting in "error catastrophe", that render the tumor more sensitive to insult and therefore confer favorable outcome [95] . Indeed, higher total mutation burden does not universally associate with worse prognosis. This is perhaps best exemplified in CRC, where mismatch repair (MMR) deficiency results in a hypermutator phenotype and excess (100-fold) SSNVs, and yet MMRdeficient microsatellite unstable (MSI-high) tumors tend to have favorable prognosis compared to microsatellite stable (MSS) tumors [101] .
Given that genome instability has been established as an important determinant of genetic diversity [40, 102] , it is critical to understand how tumors respond to these insults, and how they propagate diversity as this may inform strategies to limit ITH. While a common feature of many cancers, variable levels of mutational burden and genomic instability are observed within and between tumor types [83, 103] . In adult tumors, relatively genomically (copy number) stable subgroups of breast [104] and gastric cancers [105] have been reported. Moreover, some pediatric cancers have remarkably 'quiet' genomes, as is the case for synovial sarcoma, which is commonly driven by the SS18-SSX oncogenic fusion, resulting in disruption of the SWI/SNF (BAF) chromatin regulatory complex [106] . Thus, while genome instability is a critical source of tumor heterogeneity in many cancers, it does not appear to be universally essential for disease progression.
Cellular, phenotypic and microenvironmental heterogeneity
Tumor cell heterogeneity can manifest at the level of cellular morphology, proliferation kinetics, cell motility, and cell metabolism amongst others [107, 108] . These differences can be attributed to both genetic and non-genetic variation, where the latter includes epigenetic and transcriptional changes, as well as microenvironmental factors. For example, epigenetic changes can shape cellular phenotypes and modulate cellular plasticity [109, 110] . Phenotypic heterogeneity provides cancer cells with immense plasticity to cope with environmental stress during tumor progression in the face of limited resources and hence may also be important for allowing tumor cells to escape therapeutic insult. Indeed, phenotypic heterogeneity is now recognized as a major source of drug resistance [111, 112] . Early work demonstrated the presence of reversible drug tolerance associated with specific chromatin states and the re-establishment of heterogeneity of the putative cancer stem cell (CSC) surface marker CD133 [109] . Subsequently, stem-like characteristics were reported to contribute to the stabilization of drug-tolerant populations for extended time periods [111] . These and other studies point to the fact that high-dose cytotoxic therapies can induce pathogenic cell state transitions in the residual tumor cell population, wherein they revert to a primordial (stem-like) developmental state [111, 112] . Intriguingly, other studies have demonstrated phenotypic divergence between distant metastases relative to primary breast tumors and lymph node metastases [113] , consistent with the notion that elevated diversity in advanced stage disease contributes to treatment resistance.
It is also evident that stochastic fluctuations can be functional, particularly in constrained conditions such as development [114] [115] [116] , stress response [117] , apoptosis [118] and cancer progression [119, 120] . Further, non-cell-autonomous factors can contribute to tumor growth and promote clonal interactions that may, in turn, lead to new phenotypes [56] . These non-genetic components occur on the backdrop of genetic variation and jointly shape a tumor's evolutionary trajectory. As tumors progress, irrespective of their tissue of origin, similar microenvironmental cues appear to arise as a result of spatial constraints, limited nutrients and vasculature, as well as activation of the immune system [121] . This is in accordance with the long-held view that advanced cancers exhibit similar defining hallmarks [10] .
Microenvironment factors, including immune and stromal cells, acidification, oxygen, and geographical constraints also contribute to phenotypic heterogeneity within tumors, influencing signaling pathways and regulatory circuitry. For example, cellular adaptations to hypoxia and acidosis have been reported during breast tumor evolution [122] and invasiveness has been attributed to adaptive changes in the microenvironment [123, 124] . Additionally, cancer cells at the tumor periphery versus necrotic core can have different phenotypes resulting from regional variation in microenvironmental selective forces, where local cancer cell populations rapidly converge to the fittest phenotype given a stable environment [124] .
In summary, the genetic, non-genetic, and environmental forces at play during a tumors long evolution shape the detectable patterns of ITH in a tumor sampled at the time of diagnosis. While studies to date have largely focused on genomic heterogeneity, in part due to greater ease in measuring it, new techniques to delineate the genotype to phenotype map in cancer and to probe tumor microenvironment in situ may offer opportunities to characterize their relationship.
Quantification of genetic diversity in cancer genomes
Practical challenges in quantifying ITH in tumor samples
The quantification of ITH from current NGS data is challenging for multiple reasons. From a practical perspective, the power to detect subclonal somatic single nucleotide variants (SSNVs) is limited in current bulk tumor WES studies, which often aim to achieve 80-100× coverage (with WGS often lower) [84] . This is particularly problematic when coupled with the low purity of many tumor samples, which contain a heterogeneous mixture of non-cancerous and cancerous cells. Ideally purity is estimated from adjacent hemotoxylin and eosin (H&E) stained tissue sections prior to nucleic acid extraction to guide the target depth of coverage. When needed, flow sorting [125] , single gland isolation [21, 37] or microdissection [126, 127] can be performed to enrich for tumor cells. As pathology based purity estimates may not agree with molecularly inferred estimates obtained using tools such as PurBayes [128] , ABSOLUTE [99] , or TITAN [129] , it can also be beneficial to perform initial sequencing to determine how much additional coverage is needed to achieve a given power for detection. However, even then, genome sequence context, and high duplication rates can hinder uniform and optimal target coverage, the latter of which can be particularly problematic for formalin fixed paraffin embedded (FFPE) clinical specimens. Nonetheless, given the wealth of clinically annotated archival tissue samples, it is important to optimize both the study design and bioinformatics approaches for such specimens.
Perhaps even more problematic is the issue of sampling bias, which is inevitable in solid tumors defined by their unique tissue architecture and spatial structure. Multi-region sequencing (MRS) of spatially separated tumor regions can help mitigate the issue of sampling bias, and has become more common in recent years [13, [16] [17] [18] [19] 21, 22, 25, 29, 30, 34] . Indeed, several recent studies have highlighted the need for MRS to accurately reconstruct tumor subclonal architecture [81, [130] [131] [132] [133] and infer tumor evolutionary dynamics [21, 37] . From a practical perspective, it is not feasible to randomly sample the entire surgically resected lesion and in most cases, the location of the specimen within the tumor is not known. For biopsies, the specimen itself is limited and hence only provides a local sampling. Moreover, multiple factors can influence the extent of sampling bias, including spatial constraints, the mode of evolution, and the rates of migration, which are as of yet poorly characterized. Despite these complicating factors, it is evident that MRS aids the detection and quantification of ITH [21, 134] .
The distribution of variant allele frequencies (VAF) critically depends on the underlying mode of tumor growth [21, 135] . For example, in colorectal tumors characterized by Big Bang growth dynamics, after transformation, the tumor expands in the absence of stringent selection, compatible with effectively neutral evolution [21] . Hence, in this model, the timing of a mutation is the fundamental determinant of its frequency and later arising subclonal mutations will be present in increasingly diminutive fractions of the tumor cell population (Fig. 1A ). As such, genetic diversity will be vastly underestimated [21] , as has been predicted theoretically [127] . In a model of effectively neutral evolution, subclonal variants are not functionally relevant for primary tumor growth, but they nonetheless provide a potentially rich substrate for subsequent selection in the context of therapy. In the alternate scenarios of continuous strong positive selection (Fig. 1B) or branched evolution (co-occurrence of multiple selectively advantageous clones, Fig. 1C ) after transformation, subclonal variants that confer a selective growth advantage may attain high frequency (depending on various population parameters). In this case, they may be more readily detected, but in the absence of multiple sampling data, it is not always feasible to determine whether they are high frequency subclonal (private) SSNVs or public alterations due to the inherent noise associated with NGS (Fig. 2) .
Numerous methods have been developed to perform somatic variant calling from tumor-normal pairs, including deepSNV [136] and MuTect [137] , which aim to achieve greater sensitivity for subclonal variants. However in a typical NGS study, the limits of detection corresponds to a VAF of~10% [137] . Critically, subclonal variants alone are informative in chronicling the dynamics of growth after transformation, as variants that were accrued prior to transformation will have either been lost or else present in the founding tumor and hence clonal in the final tumor. On the other hand, it is possible to over-estimate ITH when calling variants from multiple tumor samples in the same patient that have non-uniform coverage or purity. Purity differences can be especially notable in comparisons of paired primaries and metastases [34] or paired pre versus post-treatment samples [138, 139] and hence are important to account for. The increasing availability of MRS also motivates methods such as MultiSNV [140] that aim to jointly call SSNVs from multiple samples. By exploiting pseudo-repeated measurements, such an approach can potentially aid the detection of false positives and false negatives. Deep targeted sequencing or digital PCR are commonly used for orthogonal validation of candidate SSNVs discovered through unbiased surveys. However, PCR based approaches (including NGS library preparation) can suffer from 'jackpot effects' due to stochastic fluctuations and errors introduced during early PCR steps that are amplified exponentially, resulting in differences in biased allele frequency estimates [141] [142] [143] . Such artifacts can be mitigated to varying extents by modifying library preparation techniques to incorporate unique molecular identifiers and via circle [144] or duplex sequencing [145] , although these are not currently scalable to whole exome/genome analyses.
Once SSNVs have been called, it is common to adjust their VAF values for tumor purity and copy number to obtain an estimate of their cellular prevalence or cancer cell fraction (CCF). However, this is a non-trivial task since multiple parameters are unknown (purity, ploidy, number of subclones) and often need to be estimated simultaneously. Moreover, these estimates depend on the relative ordering of CNAs, SSNVs, and genome doubling events during tumor evolution.
The accurate identification of subclonal CNAs from NGS is a challenging task given that the distribution of short reads along the genome is non-uniform, with high variability amongst adjacent loci at standard sequencing depths. As a result, only CNAs with relatively high frequency can be reliably detected from current NGS data, and this depends on the segment length and copy number states. Methods to predict the subclonal CNAs from tumor sequencing data include TITAN [129] , TheTA [146] , CloneHD [147] , and CloneCNA [148] . Tools designed to infer CNAs from multi-region tumor sequencing data are currently lacking, but have the potential to improve the detection of subclonal CNAs, as well as the inference of tumor phylogenies, as discussed below.
Various tools have been developed to estimate the number of subclonal clusters from tumor sequencing data by grouping mutations on the basis of their allele frequencies, [133, 147, 149, 150] . The majority of these approaches aim to define 'clonal' relationships based on the assumption that mutations with similar frequencies descended from the same ancestral cell and that a limited number of dominant subclones with distinct mutational profiles have undergone clonal expansion. However, a single bulk sample may fail to delineate clonal alterations Tumors arising under effectively neutral growth are expected to exhibit a bimodal site frequency spectrum (SFS) with a public mutational cluster centered at 0.5 and a large cluster of low VAF subclonal mutations, where θ indicates the threshold below which low frequency mutations cannot be reliably detected. This can be contrasted with the expected SFS under strong selection in which private SSNVs can attain high frequency due to regional clonal expansion of a selectively advantageous clone (purple shading).
versus subclonal alterations that attained high frequency to selection or drift (Fig. 2) . More generally, the inference of the number of subclones, their proportions and genotypes from single sample bulk tumor sequencing is challenging with the solution underdetermined under most conditions [81, 147, 151, 152] . MRS data should facilitate these inferences and have recently used to reconstruct tumor phylogenies, as discussed below. Single cell sequencing enables the direct measurement of clonal genotypes, and hence avoids the need for deconvolution, making it a powerful approach [153, 154] . However, this is complicated by noisy and incomplete measurements and remains impractical on a large scale. Ultimately, a combination of bulk and single cell sequencing may help to further resolve tumor subclonal architecture.
Phylogenetic approaches to interpret ITH
Phylogenetic trees are the canonical structure for describing the genealogical relationship among tumor cells. They offer a potentially powerful and theoretically grounded approach to study heterogeneity within and between lesions [155, 156] , drawing from the rich field of molecular phylogenetics, the principles and methods of which are reviewed elsewhere [157] . Here, we briefly outline considerations for the analysis of cancer genome sequencing data. When modeling NGS data, it is important to account for systematic errors and to increase robustness to model violations. In the case of cancer genomes, not only is this complicated by uncertainty in SSNV and CNA estimates (as discussed above), but by extensive genetic diversity due to mixtures of cells for which both the number of clones and their relative proportions are unknown. The issue of sampling bias in solid tumors further necessitates that multiple regions of temporally separated lesions be assayed to robustly reconstruct their ancestral relationship, although this has seldom been done in practice.
To date, various approaches have been employed to reconstruct sample or subclone phylogenies from tumor sequencing data. Several studies have employed standard phylogenetic approaches, including parsimony [158] , maximum-likelihood [159] and distance-based methods such as the neighbor-joining algorithm [160] to delineate the relationship between tumor samples based on SSNVs (often from CNA-neutral regions) or CNA breakpoints. For example, distance methods were used to cluster SSNVs across multiple bulk samples in renal cell carcinoma [13] and CNAs in single breast cancer cells [32] . As distance-based methods take as input summary statistics, they cannot account for complex character (SSNV, CNA) states. Likewise, the exclusion of SSNVs in regions of CNA to avoid the complex issue of phasing ignores potentially valuable information, although for tumors that are largely diploid or have sufficient events in non-diploid regions, this simplifying approach may be reasonable. CNAs also represent a powerful feature for phylogenetic inference, but require custom methods due to the horizontal dependencies between adjacent loci and overlapping alterations. An early method, termed TuMult [161] sought to overcome the issue of overlapping aberrations by employing copy number breakpoints (which should be persistent). More recently, MEDICC was developed to jointly phase parental alleles and perform tree reconstruction [162] . This approach takes as input integer copy number profiles and B-allele frequencies and has been used to reconstruct tumor phylogenies from multi-region copy number profiles [21, 163] .
Other studies have sought to perform the challenging task of subclonal deconvolution so that subclones can be modeled as species or taxa. For example, by performing in silico phasing of subclonal SSNVs and exploiting the pigeon-hole principle, a probable phylogeny was inferred from high coverage bulk WGS data of a breast tumor [164] . However, phylogeny reconstruction from a single bulk tumor sample will generally lead to an incomplete and potentially erroneous tree [37, 165] . Numerous methods have been described to automate deconvolution, including those that can take as input multiple samples [132, 166, 167] . However, even with multiple samples, there is no guarantee that low VAF SSNVs can be accurately phased. More recently, several computational methods have been developed to jointly model SSNVs and CNAs [81, 131, 133] towards more accurate reconstruction of clonal trees. This represents an important methodological advance and importantly suggest that many possible trees may be consistent with the data [81] . However, these methods often couple the task of mutation clustering and phylogeny reconstruction and require prior clustering of CCF values derived from WGS/WES to reduce the feature space to a limited number of subclones due to the computationally intensive nature of enumerating a large possible tree-space. Hence, this too can result in a loss of information. However, this new class of methods is in its relative infancy and is likely to remain an area of active research. Likewise, several recent methods have been described to reconstruct phylogenies from single cell data [168, 169] , where phase is known, but the data are generally sparse and noisy due to allelic dropout. Single cell WGS has the potential to directly resolve clonal genotypes, however this will require improved genome coverage and mutation sensitivity since errors can distort lineage reconstruction [170] .
Given the absence of ground truth phylogenies for actual tumors, simulation studies provide the primary means to evaluate a methods performance. Hence, it is important that simulations used for benchmarking capture relevant aspects of tumor growth, which can be influenced by numerous factors (as discussed in Section 4). It is also essential to consider the underlying model assumptions and robustness to violations. For example, an infinitesite model is commonly assumed such that each site can mutate only once and persists. However, in practice, convergent evolution could result in the acquisition of the same mutation more than once and mutations could be lost due to loss of heterozygosity (LOH), thereby violating this assumption. Some methods also require assumptions about the underlying models of molecular evolution, which may require refinement in cancer.
Despite the power of phylogenetic approaches to delineate tumor architecture and interpret ITH, there are limitations. In particular, phylogenies alone do not report on the underlying dynamics [130] . However, genealogy-based statistical inference methods, stemming from the development of coalescent theory [171] and the advent of routine large scale sequencing efforts have transformed modern computational population genetics approaches [172] . Techniques such as Approximate Bayesian Computing (ABC) have been used extensively in population genetics to infer posterior parameter distributions from molecular data when using stochastic models for which likelihoods cannot be calculated [172, 173] . Related approaches based on coalescent modeling and Bayesian inference have been used to characterize stem cell dynamics in human colon crypts [174] . More recently, ABC has been integrated within 3-dimensional agent-based computational models of tumor growth that represent cancer as an evolutionary process to enable the inference of patient-specific tumor dynamics such as the mutation rate and CSC fraction [37] , as well as subclone fitness differences and the mutational timeline [21] .
Ecological and population genetic measures of ITH
The relationship between genetic diversity in cancer and population evolvability may provide prognostic and therapeutic information [26] . Importantly, it is the total diversity (including both functional and selectively neutral diversity) that likely determines the evolvability of cancer cells since in the absence of diversity natural selection is not operative. This is in-line with the Dykhuizen-Hartl effect proposed by Kimura, in which neutral mutations may later become adaptive in an altered environment [175] . Hence, ITH may be a proxy for the underlying rate of evolutionary processes operative in a tumor. While it is not clear how to best sample a tumor or to quantify ITH, several measures have been borrowed from ecology and population genetics for this task and others have been defined based on recent cancer genomic data.
One widely used measure of genetic diversity within a population is heterozygosity [176] , or the probability that two sequences chosen at random from the population have different allelic types, which is equivalent to Simpson's Diversity Index in ecology [177] :
where f i is the frequency of the allelic type or cell type, i. For asexually reproducing populations such as cancer, the heterozygosity is the probability that two cells chosen at random have different sequences. For example, Ling et al. [127] derived that the expected heterozygosity at time t (denoted by H t ) during tumor growth can be expressed by:
where N t is tumor size at time t starting with a single transformed cell at time 0 and assuming a well-mixed neutrally growing population of synchronous cell generations. Here, u is the mutation rate per cell division for the 30 Mb exonic coding regions, namely u = μ × 3 × 10 7 (e.g. corresponding to u = 0.03 when the per-base pair mutation rate is μ = 10 −9 ). A cancer genome can diversify rapidly during tumor growth as illustrated in Fig. 3 for a logistic growth model. In particular, H N 0.8 when the tumor is barely detectable at 1 million cells. Thus, tumor growth may accompany rapid genetic diversification and a small tumor can already harbor extensive diversity. This prediction is consistent with recent findings that early tumors display high-levels of genomic diversity [33, 46, 178] . Genetic heterogeneity within and between regional samples has also been quantified using the Shannon index [179] :
where f i is the frequency of the allelic type or cell type, i. For example, the Shannon Index was used to measure microsatellite and copy number heterogeneity based on FISH in Barrett's esophagus where high diversity was predictive of progression to esophageal cancer [26] . It has similarly been used to and to quantify neutral methylation tag and copy number diversity in colorectal tumors [21, 37] , where high ITH was observed at different genomic levels within and between single glands. The Shannon index was also used to quantify genetic diversity based on immunoFISH of paired primary, lymph node and distant metastatic breast tissue [113] , where diversity was found to be highest in distant metastases. Comparisons of pre versus post neoadjuvant treated breast tumors suggests that lower pre-treatment diversity was associated with pathologic complete response, whereas levels did not change in tumors that failed to respond to treatment [20] . Importantly, the extent of ITH was comparable irrespective of the chromosomal region analyzed. A survey of various measures of clonal diversity was reported by Merlo et al. [180] . More recently, the MATH index which corresponds to the ratio of the median absolution deviation (MAD) and the median of the VAF values was described [181] and used to quantify ITH in head and neck squamous cell carcinoma (HNSCC), where it was shown to correlate with worse outcome [27] .
Other approaches to quantify ITH include determination of the number of subclones and their frequency based on shared CCF values [149, 150] , although this requires additional estimates and assumptions, as outlined in the preceding section. Zhang et al. found that lung adenocarcinomas with higher subclonal mutational burden (n = 3/11 cases) were more likely to relapse [29] . However, this was again based on a limited number of cases. Additionally, in post-chemotherapy treated pediatric kidney cancer, tumors with microdiversity exhibited worse disease-specific survival [182] . Other studies have reported an association between survival and various measures of ITH independent of other clinical and molecular variables in diverse tumor types [183, 184] . However, these data suggest a non-linear relationship between the number of subclones and outcome, thereby complicating the interpretation.
In summary, several studies have suggested that ITH is associated with disease progression [26] and poor prognosis [27, 28] , raising the possibility that ITH may represent a general biomarker. However, lack of association is seldom reported and further studies are needed. Moreover, as ITH is already present in early lesions, it is of interest to determine whether its predictive utility depends on disease stage. Finally, it will be important to understand which genomic features and measures of ITH are most informative, and this may depend on the underlying modes of tumor evolution, which are as of yet poorly understood.
Evolutionary forces determining the extent of genetic heterogeneity
Mutation, genetic drift, migration and selection are the fundamental forces that collectively shape genetic diversity within a population [185] . Clonal evolution, the process of mutation accumulation and adaptation in somatic cells, likely involves each of these forces, although their collective impact on ITH is seldom considered. Here we discuss these factors in the context of classical population genetic theory and recent cancer genomic data.
Mutation
Mutation is the primary source of genetic diversity, the rate of which is a key parameter in population genetics studies [185, 186] . Although cancer genome sequencing efforts have provided a catalogue of somatic alterations across different tumor types [83, 84] , the per-cell division mutation rate is not known and likely varies during the course of disease progression. Mutational burden can also vary by orders of magnitude within and between tumor types [83, 84] . Although the somatic mutation rate is generally assumed to be elevated relative to the germline [186, 187] , even germline mutation rates can vary considerably within families [188] . Additionally, the number of germ-cell divisions differs in males (~10 2 divisions) and females (20-30 divisions) since ovum undergo two meiotic and 22 mitotic cell divisions and reach maturity prior to birth, whereas in males the number of germ cell divisions increases with age [189] . Nonetheless, the mutation rate for single nucleotide variants (SNVs) in the human germline has been estimated to be~10 −8 per base pair per generation [188] or~10 −10 per base pair per cell division, whereas human somatic cells have been reported to accumulate 4 to 25 times more mutations than germline cells, corresponding to an estimated mutation rate of~10 − 9 per cell division per base pair [186, 187] .
However, there is no consensus regarding the mutation rate in human tumors. The finding that some tumors exhibit high genomic instability led to the mutator hypothesis, which posits that an elevated mutation rate is a prerequisite of tumor development [96, 190, 191] . While mutator phenotypes likely accelerate tumor growth and are most effective if acquired early, they do not appear to be universally required for tumorigenesis [192, 193] . More generally, the extreme variation in cancer risk across tissues remains poorly understood. While it has been proposed that this is due to differences in the lifetime number of adult stem cell divisions, during which DNA replication errors occur [194] , this simple explanation has been debated [195] [196] [197] . Recent studies have sought to characterize mutation rates in diverse mouse tissues [170] and human adult stem cells [198] by sequencing of normal clonal organoid cultures derived from primary multipotent cells. Intriguingly, the initial mouse study reported differences in the mutation rate across tissue, as well as distinct mutational processes, whereas the subsequent study similarly suggest tissue-specific activity of mutational processes but a steady and consistent accumulation of mutations (approximately 40 de novo mutations per year) in the human small intestine, colon and liver. While further investigation is needed, this approach suggests new ways to quantify human somatic mutation rates.
Genetic drift
Genetic drift describes random fluctuations in the frequency of genetic variants in a population and is a major driving force of genetic diversity especially for small populations [176, 185] . The neutral evolution theory posits that most fixed nucleotide substitutions in a population are driven by random genetic drift rather natural selection [199] . The neutrality hypothesis has been foundational for statistical tests of neutrality and computational analyses of natural selection from population sequencing data. However, the role of genetic drift in cancer is often overlooked as selection is generally evoked to explain most aspects of tumor evolution. For instance, it is usually assumed that detectable subclones are under strong selection [13, 49, 200] . However, theory predicts that early neutral mutations during tumor growth may also be present at high frequency at the time of diagnosis since random drift predominates when tumor size is small. Much of the theory concerning genetic drift derives from the Wright-Fisher or related models, which assume constant population sizes (N genome copies) [185] . A well-known prediction is that the probability of fixation in the population for a new neutral mutation is ρ = 1/N.
For a growing population, the probability of fixation of a new mutation depends on both the time of occurrence and the birth/death rate. Assuming a branching process, Bozic et al. [201] derived that the probability of fixation of k-th surviving lineage is given by:
where u is the neutral exonic mutation rate per cell division and δ the ratio of cell death and birth rates. Although, there is limited experimental data, the ratio of death and birth rates in cancer has been estimated to range from δ = 0.72 in aggressive CRC metastases [202] to δ = 0.99 in early tumors [203] . It can be seen from this formula that early mutations can drift to fixation (clonality) with high probability during the early stages of clonal expansion when the cell death rate is high such that: ρ 1 = 0.22, ρ 2 = 0.05 and ρ 3 = 0.01 for u = 0.03 (μ = 10 −9
) and δ = 0.9. Neutral mutations may therefore be present at high frequency in a tumor and detectable by NGS. Thus, while genetic drift is a negative force that decreases whole-population diversity, it simultaneously increases the diversity of high frequency mutations due to random fluctuations (Fig. 4) and hence is an important, but often overlooked, feature of tumor sequencing data.
Spatial structure and migration
Spatial structure and migration can dramatically alter the genetic diversity of a population [204, 205] . In a spatially structured population, genetic drift and selection are restricted in localized regions thus giving rise to decreased genetic diversity within a local subpopulation while increasing genetic divergence between spatially segregated subpopulations. As shown in Fig. 5A , spatial partitioning within a tumor naturally gives rise to genetic divergence between samples from distant regions. This genetic segregation can be enhanced by local stochastic extinctions due to large demographic fluctuations at the expansion front and, hence explains spatial heterogeneity in tumors [206] . These patterns are especially relevant for interpreting NGS data from solid tumors characterized by significant spatial constraints since biopsies and even resections are often obtained from a localized region of the tumor. Such local sampling is inherently limited in its ability to capture much of the (detectable) genetic diversity in a tumor (Fig. 5) . Recent multi-region sequencing (MRS) studies have revealed extensive genetic diversity between different samples from the same tumor suggesting that spatial constraints are significant in many tumor types [13, 16, 18, 21, 23, 29, 30, 127, 207] . Hence, tumor evolution may be driven by adaptations to distinct microenvironmental niches amongst spatially partitioned populations.
Spatial structure thwarts selection and promotes the co-existence of multiple selective clones when selection is pervasive. Martens et al. [208] modeled crypt-structured tissues to study the effect of spatial structure on colorectal tumor initiation where selection is expected to be stringent. They report that spatial structure significantly increases the waiting time to transformation due to elevated clonal interference between selectively advantageous clones compared with that in wellmixed populations such as leukemia. More generally, they proposed that in somatic cells, the damaging effect of deleterious mutations can be mitigated by differentiation and apoptosis and that tissue structure minimizes the risk of cancer [208] . However, the contributions of spatial structure to these dynamics are complex [209] and warrant further investigation. For example, spatial structure does not always impede selection. In contrast, it can accelerate complex adaption, a scenario where adaptation requires the accumulation of multiple mutations (e.g. a double hit to inactivate a tumor suppressor), depending on the epistatic fitness landscape [210] .
CSC organization within tumors promotes spatial structure and increases phenotypic heterogeneity [211, 212] . Due to the limited proliferative potential of non-stem cells, only mutations in stem cells can result in clonal expansions within the niche, regionally in the tumor, unless the mutations promote dedifferentiation of non-stem cells to stem cells [213] . CSC-driven tumor growth likely impedes mutational adaptation due to the decreased effective population size. Microenvironmental heterogeneity can also promote the emergence of spatial structure in tumors [214] and the plasticity of cellular phenotypes that are often regulated by epigenetic factors. Importantly, the efficiency of selection resulting from genetic mutations would be dampened under high levels of phenotypic plasticity [215] .
Given the spatial constraints within solid tumors, spatial information is important for resolving the evolutionary history of a tumor and the timing of mutation occurrence. For instance, without knowledge of sampling locations, subclonal composition can be explained by differences in tumor growth dynamics, stringent spatial constraint (Fig. 5A ) or early subclone mixing (Fig. 5B) . However, knowledge of spatial location can help to constrain these scenarios. For example, if samples R1 and R2 are spatially separated, early clonal mixing is more likely than a stringent spatial model. Therefore, the integration of spatial sampling information within a computational modeling framework (Fig. 5C ) can aid the inference of tumor evolutionary dynamics.
Cell migration has a dual role in the generation of tumor genetic diversity. On the one hand, within-tumor migration relaxes spatial constraints, thereby augmenting the efficiency of selection, giving rise to lower genetic diversity within a tumor. On the other hand, out-of-tumor migration and metastasis will increase the genetic divergence between tumors (Fig. 5D) . By simulating spatial tumor growth with cell migration, Waclaw et al. [216] showed that out-of-tumor migration can dramatically accelerate tumor growth and increase tumor diversity. Recently, comparative genomic sequencing studies revealed genomic divergence between paired primaries and metastasis [34, 80, 217] and multi-focal tumors [23, 218] , suggesting that migration drives tumor diversification. 
Selection
Positive selection
Cancer is traditionally viewed to result from the stepwise accumulation of mutations, where cells transition from a normal health state to pre-malignant, malignant and migratory phenotypes. The process begins when a single somatic cell acquires a heritable mutation that confers a fitness advantage, resulting in an increased proliferation or survival phenotype that enables it to outcompete less fit cells within the population. Natural selection operates on this phenotypic diversity, leading to sequential waves of clonal expansions and heterogeneity amongst subclones [7] . Within the current view, ongoing strong selection is assumed to be the primary force and to govern all stages of tumor progression from initiation to subsequent primary tumor growth, as well as metastasis where the acquisition of additional 'drivers' results in continual selective sweeps [8, 36, 84] . In contrast, mutation, genetic drift, population structure, and migration are often overlooked, although they represent key evolutionary forces that influence the expansion, fixation and extinction of subclones, as outlined in the preceding sections. The population dynamics and distribution of passenger, advantageous and deleterious mutations can be understood through population genetics models, where the relative importance depends on key parameters such as population size. For example, genetic drift within a small population can render selection less efficient, by allowing for the fixation of deleterious mutations and loss of advantageous mutations.
Various computational methods have been developed to identify 'driver' mutations that confer a selective growth advantage (reviewed in [219] ). The majority of approaches evaluate whether a gene is altered more frequently than expected by chance based on patterns of recurrence across tumors, where it is critical to account for replication timing and variable mutation rates throughout the genome (or in hypermutated tumors) that can otherwise bias these patterns [83, 220] . In contrast to these cohort-based approaches to define putative driver genes, formal methods to detect selection in an individual tumor have been described in only a few instances [21, 221] . For example, Sottoriva et al. [21] employed a spatial computational model of tumor growth and statistical inference framework to infer subclone fitness differences. Martincorena et al. [221] evaluated average mutant clone sizes and the dN/dS ratio, a measure of the relative abundance of non-synonymous to synonymous mutations, and report evidence for strong positive selection for mutations in normal skin, although the interpretation has been debated [222, 223] . More generally, it has been assumed that the presence of subclonal known or putative drivers implies selection [13, 29, 30, 164] . For example, in a breast cancer subject to high-depth WGS high frequency subclonal mutational clusters were observed [164] , compatible with the clonal expansion of a driver mutation accompanied by numerous hitchhiking passengers. Although this is a reasonable assumption, the presence of subclonal 'driver' mutations alone does not necessarily guarantee that the mutation conferred a fitness advantage. Fitness estimates for specific mutations are unknown in human tumors, but mutations can be context dependent and epistatic [224, 225] with differential effects during tumor initiation versus subsequent expansion, potentially confounding the interpretation of such patterns. Moreover, many putative 'drivers' have yet to be functionally and phenotypically characterized. Another strategy is to evaluate evidence for convergent evolution, as has been done in ccRCC [13, 18, 226] , GBM [57] and CLL [58] , providing evidence for selection.
Negative selection
Negative selection by deleterious mutations is pervasive in the evolution of natural species and can significantly decrease population diversity through purifying selection [227, 228] . Classic molecular evolution theory posits that most newly arising mutations are slightly deleterious and purged from the population quickly [185, 199] . However, the extent to which this applies to somatic cell evolution is unclear since tumors can harbor high levels of genomic instability in which alterations might be deleterious [229] . Indeed, as discussed in Section 2.2, chromosomal aberrations can impact cellular fitness [89, 90, 97] .
Given the complete genomic linkage of asexually reproducing populations (due to the lack of recombination) such as tumor cells, interference between positive and negative selection (known as the Hill-Robertson effect) [230] may be particularly strong when accompanied by high mutation rates [231] . Intriguingly, McFarland et al. [232, 233] found that deleterious mutations significantly alter tumor progression by impeding the efficiency of positive selection. They further showed via simulation studies that some pre-malignant lesions die out due to negative selection, suggesting the possibility of novel therapeutic strategies through dramatic elevation of the mutation rate. It is tempting to speculate that the apparently paradoxical relationship between variable levels of genomic instability and cellular fitness tradeoffs is compatible with mutational meltdown and Muller's Ratchet [234, 235] , wherein deleterious alterations drive population extinction. While this may be particularly acute for small asexually reproducing populations, it is not clear whether this applies in highly adaptive cancer cell populations or how it is influenced by the interplay between deleterious and advantageous mutations [233] . It has been appreciated for nearly two decades that more than half of all somatic mutations in colorectal cancers occur prior to transformation [1, 2] . Critically, the initiating (epi)genetic events provide a selective fitness advantage in the target cell relative to other pre-malignant cells, resulting in clonal expansion. Initiating events are often tissue type specific as is the case for APC in gastrointestinal tumors [3] [4] [5] and DNMT3 in leukemias [6] , suggesting that they are beneficial only in certain cellular contexts. It has long been assumed that the cell of origin may be a selfrenewing stem cell and that this is the "unit" on which selection operates in cancer [8, 236] , where cancer reflects a state in which the normal balance of self-renewal and differentiation is lost. This is supported by observations that higher stem cell activity is associated with poor prognosis in multiple tumor types [9] . The subsequent expansion of a subclone depends on the rates of advantageous and deleterious mutations, the fitness benefit they confer in a given background population and the effective population size.
Several studies have characterized genetic diversity in precursor or pre-invasive lesions, including the seminal study by Maley et al. [26] , demonstrating that clonal diversity predicts progression from Barretts esophageal to esophageal adenocarcinoma (ESCA). More recently, WGS and targeted sequencing was conducted to delineate mutational ordering in pre-invasive esophageal lesions [237] , and reported that mutations in ESCA occur very early during disease development, where several additional drivers occur during later stages of progression with both diagnostic and therapeutic implications. Pre-tumor progression in the colon has also been studied by examining clonal evolution in stem cell populations [238, 239] . In particular, Baker et al. [239] reported that the number of functional stem cells is 5-6 in both normal patients and individuals with familial adenomatous polyposis (FAP) associated with germline APC mutation. In contrast, in adenomatous crypts (APC(−/−)), an increase in both functional stem cell number and the loss/replacement rate was noted as was the rate of division for colonic crypts. Other studies have sought to experimentally derive fitness measurements of common drivers (such as APC and KRAS) during tumor initiation in the mouse small intestine and report that while they each provide strong selective advantages, mutation fixation is highly inefficient due to hierarchical tissue architecture, strong genetic drift and stochastic stem cell replacement [240] . Multiple studies have revealed the early acquisition of tumor heterogeneity in non-invasive adenomas [21, 45, 47, 241] . Breast tumors also have well defined precursor lesions, facilitating studies of tumor initiation and early growth, where genetic diversity was similarly reported to occur early [178] and reconstruction of phylogenetic trees amongst pre-invasive lesions revealed lineage heterogeneity both within and between lesions [33] .
Clonal labeling techniques have also been employed to delineate mechanisms of tumor initiation and growth by genetically tracking the fate of clones [242] [243] [244] . In particular, Dreissens et al. [242] reported the identification of two populations in benign papilloma cells, corresponding to a small, but persistent stem-cell-like population that rapidly divides and a slower cycling transient population that gives rise to terminally differentiated tumor cells. In parallel, mathematical modeling of tumor initiation has sought to determine the number of drivers required to initiate a tumor [245] , suggesting that only three events are required for lung and colorectal cancer. As the timing of genomic events that occur prior to transformation is obscured when studying established tumors, it will be of continued importance to characterize precursor lesions towards identification of the cell of origin, drivers and temporal ordering of tumor initiating events as may inform treatment and prognostication.
Linear versus branched (selective) evolution
As described above, cancer genome sequencing efforts have revealed extensive ITH in diverse tumors. Although relatively few primary tumors of a given tissue type have been analyzed in detail via multi-region or single cell sequencing, there have been multiple reports of 'branched' evolution [13, 17, 18, 22, 25, 29, 30, 33] (Fig. 1C) . Hence, these data contrast with the early view that after transformation, subsequent tumor growth typically follows a linear clonal succession model [9] (Fig. 1B) , wherein a selectively advantageous mutation has time to sweep through the population prior to the acquisition of addition of additional advantageous mutations. Rather, branched clonal evolution occurs when multiple selectively advantageous subclones are present and complete via clonal interference before fixation (Fig. 1C) . It has been postulated that this may be indicative of adaptation to different microenvironments or that there are several routes from a normal cell to an advanced cancer [246] . Of note, phylogenies are branching diagrams and so called 'branched' phylogenies do not imply branched clonal evolution. The topography of phylogenetic trees may differ depending on whether both neutral (passenger) mutations and putative selectively advantageous mutations are considered or just the latter. Moreover, in spatially structured populations, such as solid tumors, there is a high chance of detecting genetic divergence between regionally segregated samples due to enhanced genetic drift in localized regions.
Evidence for effectively neutral tumor evolution after transformation
Selection is necessary for tumor initiation as the stepwise process of mutation, selection and clonal expansion is what gives rise to a cell that harbors the constellation of events required for unchecked growth and which becomes the founding tumor cell (Fig. 1) . While it is generally assumed that strong selection is operative and detectable throughout all stages of tumor progression, this has not been systematically examined. Rather, recent findings have challenged the notion that strong positive selection is continuously operative during the growth of a primary tumor after transformation [21, 127, 135] . For example, Sottoriva et al. [21] described a Big Bang model of colorectal tumor growth, wherein after transformation, the tumor grows as a single terminal expansion populated by a large number of heterogeneous subclones that are not subject to stringent selection. As such, in the Big Bang model, the timing of a mutation is the primary determinant of its frequency in the final tumor and most detectable subclonal alterations (resulting in ITH) arise early during growth, whereas late-arising mutations will be largely undetectable. The predictions of the Big Bang model were tested through single gland and bulk tumor profiling as well as spatial computational modeling and statistical inference on the genomic data. Intriguingly, inference on the genomic data in a patient-specific fashion revealed signals of selection (corresponding to subclone fitness differences) in the majority of carcinomas examined. However, selection was generally not sufficiently strong to result in hard selective sweeps that would have dramatically altered subclonal architecture (by altering clone frequencies), compatible with effectively neutral evolution.
Subsequent studies have corroborated aspects of 'Big Bang' dynamics [46, 47, 247] , suggesting that they may be relatively common in colorectal tumors. Others have considered more strict models of neutrality. For example, Ling et al. reported neutral evolution in hepatocellular carcinoma via in depth multi-region profiling [127] . Borrowing established approaches from population genetics, they analyzed the site frequency spectrum (SFS) [248] in a single liver tumor where 24 samples were subject to WES and 300 samples were deeply genotyped and found that the observed data could not reject the expected distribution arising under a neutral exponential growth model, assuming a well-mixed population. They also reported very high levels of genetic diversity, where the heterozygosity between samples was estimated H = 0.941. Williams et al. [135] similarly employed a neutral exponential growth model and attempted to fit somatic mutation data from bulk tumor samples in TCGA, resulting in the claim that 1/3 of tumors are compatible with neutrality.
Punctuated evolution
Several recent studies have reported punctuated clonal evolution [31, 32, 83] , karyotypic chaos [249] , and other catastrophic events in various tumor types, providing further evidence that the linear, sequential clonal evolution model does not accurately describe the patterns of ITH found in many human cancers. For example, chromothrypsis, a cataclysmic event involving surges of chromosomal rearrangements that occur in a single or few cell cycles, has been reported in medulloblastoma, osteosarcoma, pancreatic cancers, and other tumors [125, 250, 251] . By generating multiple driver alterations in a single cell division, a greater fitness benefit may be achieved than would be feasible through sequential alterations [252] . Chromoplexy is another type of catastrophic event, wherein chains of translocations are formed across multiple chromosomes, potentially due to double-stranded DNA breaks [253] . In contrast, Kataegis results in localized hypermutation, preferentially at cytosine in TpC dinucleotides [254, 255] . Collectively, these studies suggest that mutation rates are not constant during the course of tumor progression and highlight the importance of understanding a tumor's evolutionary trajectory (including the distinct stages of initiation and subsequent growth) in light of multiple sources of genomic alterations, including SSNVs, CNAs and SVs.
Evolutionary strategies to exploit intra-tumor heterogeneity therapeutically
Understanding, predicting and preventing tumor progression
Although tumor growth cannot be directly observed, patterns of genetic diversity present in a lesion reflect the evolutionary forces that gave rise to it. It is therefore not surprising that ITH since a tumor's future behavior depends on its evolutionary course. In theory, the earlier the initial clonal expansion is detected, the less diverse and less fit the cell population (since natural selection operates on diversity), and the better the prognosis. Even relatively early tumors exhibit high genomic diversity [33, 46] , which may reflect processes that were already operative for some time and likely will continue in the absence of intervention. The term "early" is indeed relative as the first clonal expansions will be invisible and the lesion must be large enough to be detected and sampled. In line with this view, we have previously proposed that some tumors may be 'born to be bad' [21] , wherein invasive potential may be specified early. We have also observed that many private mutations originate from the first few cell divisions in human colorectal adenomas [45] . These findings suggest that targeting early clonal alterations in the relevant target cells and/or perturbing the microenvironment may alter the evolutionary trajectory of some tumors. As discussed above, numerous forces shape tumor diversity and it is important to appreciate these contributions even when they cannot be disentangled. More generally, understanding the mode of tumor evolution may help to pinpoint the drivers of this process. This will require a combination of detailed 'omic' analyses of clinical samples and relevant model systems, as well as computational modeling to delineate the dynamics of this process.
Recently, several studies have described the use of computational and mathematical modeling to gain insight into complex phenomena during tumor evolution [21, 256] , as well as strategies to prevent unwanted clonal evolutionary processes [257] [258] [259] [260] . For example, patterns of ITH can be analyzed using genealogy-based statistical inference methods within spatial computational models of tumor growth to infer patient-specific tumor parameters such as the mutation rate, subclone fitness differences, and mutational timeline [21] . This approach was employed to test the predictions of a Big Bang model of colorectal tumor growth. As it takes as input genomic data and requires minimal assumptions about the underlying process, it can also reveal unexpected features in the data.
Other efforts have sought to outline principles for preventing cancer by exploiting host defenses against clonal evolution such as the immune response, inhibition of angiogenesis and replicative senescence [258] . For example, analysis of telomerase length regulation [261] illustrates the need for mathematical modeling in order to understand the dynamics of clones that could be restricted by replicative limits, as well as the efficacy of anti-telomerase therapies. Here, the authors demonstrate that knowing the replicative capacity of the founding tumor cell alone is insufficient as it is also essential to understand the distributions of the number of cells, the balance between cell division and death, as well as the probability of escaping replication senescence through telomerase activation. These phenomena are unlikely to be understood from experimental data alone; hence this highlights the importance of integrated experimentation and quantitative modeling.
Once tumor cells escape from natural defense mechanisms and achieve uncontrolled growth, disease progression inevitably ensues although the latency can vary considerably. Tumor reduction is often attempted via surgery, cytotoxic and/or cytostatic chemotherapy, and in some cases, molecular targeted agents. However, therapeutic resistance is virtually universal in solid tumors. Therapy itself can impose new selective pressures on the tumor cell population and it will be important to optimize treatment strategies by exploiting evolutionary principles and context-dependencies, as discussed below.
Evolutionary and ecological strategies to circumvent resistance
The fact that cancer is a clonal evolutionary process poses challenges for its effective control. Resistance can arise via several mechanisms, including the selection of pre-existing resistant subclones, de novo or acquired resistance, and competitive release, wherein elimination of treatment sensitive cells results in a substantial reduction of tumor burden and a small population where resistant clones can readily grow out without competition [262] . Hence, the interplay between cancer cell population size and their ecological niche impacts treatment response. Competitive release may be a common phenomenon given that conventional treatment strategies aim to achieve maximal tumor cell kill under the assumption that this is optimal for patient outcomes, whereas it may actually promote resistance [257] . To circumvent this, Basanta et al. [257] proposed a game theoretical framework based on an evolutionary double bind where two therapies are used sequentially such that resistance to one drug comes at a fitness cost, leaving the cells more sensitive to the other drug. They then investigated the impact that this strategy has on cancer control. A related approach, termed adaptive therapy, administers treatment in pulses wherein removal of the drug results in a fitness penalty to the resistant cell population, thereby keeping the population size in check. Adaptive therapy was found to yield extended tumor control in preclinical breast cancer models [260] with efforts underway to evaluate this in clinical trials.
Some of the early efforts to understand resistance employed mathematical modeling to optimize drug dosing, for example in the context of EGFR-mutant NSCLC [263] . Other studies sought to explore the evolutionary dynamics of treatment response. For example, Bozic et al. demonstrated that combination targeted therapy is superior to sequential therapy and can lead to long-term disease control, but even one potential cross-resistance mutation will dampen its benefit [264] . Others have focused on understanding the impact of ITH on combinatorial treatment strategies. For example, Zhao et al. demonstrated that drugs selected as being the most beneficial single agent on the basis of clonal dominance are often suboptimal for treating heterogeneous tumors via combination therapy [265] . Rather, ITH reduces the advantage that a targeted therapy has on a specific cell population, thereby altering the efficacy of intuitive combination therapy. Zhao et al. subsequently sought to exploit temporal collateral sensitivity to circumvent resistance [259] . They report the existence of a predictable and opportunistic therapeutic window during a tumors' evolutionary trajectory and determine mechanisms of drug sensitization through a combination of genomic, phenotypic, signaling, and binding assays in conjunction with computational modeling to identify novel vulnerabilities. This integrated evolutionary and pharmacological approach highlights the potential to develop evolutionary informed treatment strategies with clinical benefit.
Collectively, these studies highlight key considerations for therapeutic strategies in light of ITH and suggest rational approaches for the design of drug combinations and dosing. Ultimately, strategies such as these that harness both evolutionary and ecological principles to target tumors may have the greatest benefit [206] . While most aspects of tumor ecology are hard to probe in vivo and therefore poorly understood, new technologies promise to enable fresh insights into tumor microenvironment and spatial structure, which can in turn, inform these models. It is also clear that the full armament of strategies to combat tumor progression have yet to be explored. As these efforts mature, it will be important to continue to examine model assumptions concerning tumor dynamics, as well as to generate testable predictions and to experimentally evaluate them. A combination of iterative experimentation and computational modeling should help to solidify this framework.
Implications of ITH for clinical trial design and personalized medicine
Molecularly targeted therapies have revolutionized clinical oncology and the discovery of new targets and biomarkers for patient stratification remains an active area of research. In the era of targeted therapies, the extensive evidence for ITH in diverse tumors accompanied by evidence for pre-existing resistance conferring mutations raises significant concerns about the implications for achieving a durable response [60] . In the metastatic setting, the acquisition of drug resistance can be particularly rapid. To date, multiple examples of such pre-existing subclonal resistant mutations have been described, including KRAS mutations in the context of anti-EGFR targeted therapy in colorectal cancer [202, 266, 267] , rare MEK1 mutations in BRAF mutant melanomas receiving BRAF targeted therapy [268] , chemo-resistant TP53 mutations in acute myeloid leukemia [269] . These clinical examples are corroborated by in vitro studies using multiplexed barcode libraries to enable the detection of extremely low frequency variants that confer resistance [270] , as well as by mathematical modeling, which predicts the presence of preexisting resistant subclones [202, 264] . Complicating matters further, acquired resistance can occur in the context of treatment selective pressure, as exemplified by convergent loss of PTEN during PI(3)Kα inhibition in breast cancer [271] and secondary EGFR mutations in NSCLC during anti-EGFR targeted therapy [272] . Non-genetic mechanism can also drive resistance, and have recently begun to be explored [109, 111] .
Given the diversity of mechanisms a cell can employ to evade therapy, the emergence of resistance should be anticipated and actively managed. Rare subclonal events pose a particular challenge as they fall below the limits of most diagnostic tools, and hence are not generally considered for treatment stratification. The earlier detection of these variants could inform patient-tailored adaptive treatment strategies, particularly if this can be achieved in a minimally invasive manor via liquid biopsy. Increasing data suggest that circulating tumor DNA (ctDNA) can be used to detect the emergence of resistance [273, 274] , monitor metastatic progression [275] , predict recurrence and track minimal residual disease [276] . Such liquid biopsies may also help to overcome some of the challenges associated with spatial tumor heterogeneity. However, this will require detailed comparison of detailed MRS and ctDNA. In the metastatic setting it will also be important to understand whether distant metastases shed ctDNA at the same rates. For example, metastases to the brain (and primary brain tumors) are unlikely to shed significant cell free DNA into the blood due to the blood-brain barrier. Here, cerebrospinal fluid may provide an alternate reservoir of ctDNA [277] .
In practice, the clinical community is grappling with how to detect subclonal somatic alterations, whether the presence of a subclonal resistance mutation detected at low frequency should necessitate the use of an alternate therapy (should one exist) [267] and whether actionable clonal mutations are preferred targets. As discussed above, quantitative modeling can make predictions concerning both of these scenarios [259, 265] and it will be important to pursue these approaches further. It is also of interest to evaluate clinical actionability and utility in light of VAF values and quantitative measures of ITH. The TRACERx (TRAcking non-small cell lung Cancer Evolution through therapy [Rx]) study, which aims to prospectively study cancer evolution via longitudinal and spatial sampling, coupled with analysis of ctDNA and circulating tumor cells (CTCs) should help to address some of these questions [278] . A chief aim of this effort is to determine whether the clonal dominance of molecularly targetable alterations portends improved progression-free survival in advanced disease. In parallel, this study seeks to identify high-risk subclonal 'drivers' implicated in metastatic progression and to track clonal dynamics in the context of therapy.
A systematic understanding of ITH will be particularly important for the improved management of metastatic disease, which is the ultimate cause of death for most patients. To date, therapeutic advances have yet to be fully translated to the metastatic setting. Here, the analysis of genetic diversity is particularly complicated due to the challenge in obtaining clinically annotated paired primaries and metastases, the common administration of intervening therapy, and potential for differences in purity. Moreover, the extent of genetic divergence between primaries and metastases may vary according to tissue of origin with implications for the relevant targets of systemic therapy. For example, colorectal cancers routinely share canonical drivers in the primary and metastasis [66, 67, [69] [70] [71] [75] [76] [77] 279] , whereas greater divergence and de novo putative drivers have been identified in other solid tumors [34] . To date, few studies have performed comprehensive genomic profiling of paired primaries and metastases with detailed treatment information (as therapy can confound the interpretation of the resultant genomic patterns) and the limited available data derives from small numbers of cases. Thus, additional efforts to profile metastatic disease are needed and should similarly account for the spatial sampling biases reported in primary tumors. Only then can rigorous comparisons of paired primaries and metastases be made with the potential to reveal new therapeutic vulnerabilities and to inform the dynamics of metastatic colonization [280] .
It is clear that advances in precision oncology will require tight coordination between laboratory scientists, computational biologists, oncologists and clinical trial communities, as well as patient engagement. Despite the challenges that pervasive ITH and clonal dynamics pose, they beckon for evolutionary and ecological therapeutic strategies, which have only begun to be explored. Hence, there is an armament of tools that were developed to understand population dynamics for which further investigation in the context of cancer is warranted towards the goal of improving patient outcomes.
Conclusions
In this review, we have outlined some of the recent advances in characterizing ITH, as well as technical and methodological challenges in quantifying and interpreting these patterns. Although much focus to date has been on genotypic heterogeneity, emergent techniques may facilitate the characterization of heterogeneity in situ [281] . In parallel, functional heterogeneity amongst tumor cells can be assessed in patient-derived xenograft [282, 283] or organoid [284, 285] models. Moreover, clinical imaging techniques may enable non-invasive, longitudinal monitoring of ITH at a whole organ level [286] . Collectively, these approaches will help to resolve the genotype to phenotype map in cancer. We have also highlighted the power of interpreting tumor cell diversity within a population genetics framework and the need for mathematical and computational models to infer tumor dynamics. The holy grail of such an approach would be the development of predictive models to forecast and steer tumor evolution in order to achieve durable patient responses, thereby rendering cancer a chronic disease. Before this can be achieved a systematic understanding of the different modes of evolution and fitness landscapes is needed. It is also evident that the failure to accurately detect subclonal alterations will impede precision medicine. Hence, it remains of central importance to quantify both spatial and temporal genetic heterogeneity towards the goal of improved predictive and prognostic biomarkers.
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